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ABSTRACT: Geographical Information Systems (GIS) have traditonally been
implemented through desktop environments such as QGIS. The increasing availability of
open-source geospatial libraries across multiple programming languages enables spatial
data analysis through programmatic workflows. This study systematically examines twelve
programming-language environments (C/C++, Python, R, Julia, Java, Scala, JavaScript,
TypeSctipt, Go, Rust, Kotlin and Swift), together with SQL/Spatial SQL (treated hete as
a query and data-management paradigm), and their associated open-source geospatial
libraries. Functionality, interoperability, and ecosystem maturity are evaluated through a
structured synthesis of the literature. After systematically screening 1,245 records, 370
sources met the inclusion criteria and were included in the analysis. Of these, 210 focused
on Python/R, 85 on C/C++/Java, 45 on JavaSctipt/TypeScript, and 30 on emetging
languages (Rust, Julia, Go). The Language-Oriented Geospatial Libraries Ecosystem
(LOGLE) framework was proposed as a structured, language-oriented classification that
organises libraries according to programming language and primary GIS function.
Identified functional categories include analytical processing, core computational support,
distributed geospatial processing, statistical modelling, web-based visualisation,
performance optimisation, scientific computing, infrastructure services and mobile GIS
applications. The reviewed literature indicates strong representation of Python in
integrative analytical workflows, the foundational role of C and C++ libraries in
computational geometry and data processing, the importance of JVM-based frameworks
for distributed geospatial analytics, and the emerging applicability of Rust and Julia in
high-performance spatial computing contexts. The LOGLE framework organises libraries
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by programming language, functional role, and system layer. Building on existing single-
language surveys and OSGeo ecosystem reviews, it consolidates fragmented
documentation into a coherent classification. The framework is conceptually scoped and

is intended to support future empirical validation and benchmarking studies.

1. INTRODUCTION

Geographic Information Systems (GIS) provide frameworks for managing and analysing spatial data. Geospatial libraries deliver
computational tools for executing these operations programmatically. Open-source geospatial libraries now span multiple
programming languages and extend spatial data science capabilities in remote sensing, statistical modelling, interactive
visualisation, and large-scale computation. Their adoption in urban analytics and environmental monitoring increases
methodological transparency and research accessibility (Coetzee et al., 2020; Mobasheri et al., 2020). These libraries are also
widely applied in natural resource management applications, including soil and land resource mapping (Kanwar et al., 2022;
Kumar et al.,, 2018), land degradation and landscape-metric assessment (Zaragozi et al., 2012), terrain and geomorphometric
analysis (Ilich et al.,, 2023), and water resources management (Chen et al, 2010). Their zero licensing cost makes them
particularly valuable to research and management institutions in developing and under-resourced countries, where proprietary

GIS software represents a significant financial barrier to natural resource assessment (Chen et al., 2010; Kumar et al., 2018).

The open-source geospatial software ecosystem is fragmented, with libraries developed for specific programming languages
and functional domains. Python, R, C/C++, Java, Scala, JavaScript, Rust, Julia, TypeScript, Go, Kotlin, and Swift support
geospatial libraries with distinct performance characteristics. Existing literature addresses individual tools or single-language
environments but does not provide a comprehensive cross-language perspective (Duarte & Teodoro, 2021; Rosenbaum et al.,
2020). Low-level libraties in C and C++ form the core infrastructure: GDAL/OGR, GEOS, and PROJ petform raster and
vector processing, coordinate reference system management, and computational geometry (Warmerdam, 2008a), underpinning
higher-level libraries and maintaining interoperability and computational consistency (Pebesma, 2018; Rosenbaum et al., 2020).
High-level ecosystems are particularly well developed in Python and R. Python functions as a primary environment for
geospatial analytics through its scientific computing ecosystem, supporting integrative workflows for reproducible spatial
analysis and spatial econometrics (Boeing, 2017a, 2017b, 2025; Jordahl et al., 2023; Rey & Anselin, 2010; Rey et al., 2022). R
remains a standard environment for geostatistics and ecological modelling through sf, terra, gstat, spdep, tmap, and lidR (Bivand
et al,, 2013; Bivand & Wong, 2018; Hijmans, 2023; Pebesma, 2018; Tennekes, 2018). Java provides GeoTools and the JTS
Topology Suite for geospatial processing and computational geometry (Johansson & Harrie, 2005; Shekhar et al., 2017;
Srivastava, 2012; Turton, 2008). JavaScript provides Leaflet and Turf.js for web-based visualisation (Agafonkin, 2019; Netek et
al., 2023). JVM frameworks, including Apache Sedona, GeoMesa, and GeoTrellis, enable scalable spatio-temporal processing
(Haynes et al., 2020; Yu et al., 2019). Julia and Rust support high-performance computation, and Go supports cloud-native
systems. Despite extensive documentation of individual libraries and language-specific ecosystems, integrated examination

across languages, functional roles, and maturity characteristics remains limited.

The open-source geospatial software ecosystem has expanded over the last two decades (Coetzee et al., 2020; Mobasheri et al.,
2020; Rosenbaum et al., 2020). Proliferation across languages and domains has increased fragmentation, complicating tool
selection, integration, and application within reproducible workflows. Capabilities are unevenly distributed across language
environments, constraining consistency in tool use and workflow design. Scholarly attention to the influence of programming-
language choice on analytical performance, interoperability, and workflow efficiency remains insufficient (Rosenbaum et al.,
2020). The lack of a structured basis for comparison may contribute to ad-hoc tool selection, inefficient toolchains, reduced
reproducibility, and variable analytical outcomes.

A critical review of the existing literature identifies three specific gaps. First, existing surveys catalogue tools within single-
language ecosystems (Coetzee et al., 2020; Mobasheri et al., 2020), limiting assessment of functional equivalence, analytical
capability, and interoperability across languages. Second, no unified classification organises libraries by programming language
and functional role within analytical workflows, leaving overlaps and discontinuities across data acquisition, processing, analysis,
and visualisation unexamined. Third, empirical evidence on cross-language adoption remains limited and uneven, with
comparative work concentrating on Python and R and providing less coverage of Julia, JavaScript, and C++. These gaps indicate

the need for a structured, evidence-based framework for cross-language comparison and tool selection.
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The present study addresses these gaps by introducing the Language-Oriented Geospatial Libraries Ecosystem (LOGLE)
framework, a structured taxonomy and conceptual synthesis for classifying open-source geospatial libraries across programming
languages. Building on the community-driven development and open standards fostered by the Open Source Geospatial
Foundation (OSGeo) (Coetzee et al., 2020), the framework is applied to examine how libraries across programming languages
support spatial data analysis in programmatic workflows, classifying libraries by language and functional role, and delineating
their capabilities and limitations across application domains such as urban studies, environmental assessment, participatory
mapping, and remote sensing (Mobasheri et al., 2020). The selection of environments and libraries follows explicit criteria.
Environments are included when geospatial libraries are documented in the literature and demonstrate established use in
geospatial workflows. Libraries are included when they support core functions in data processing, analysis, or visualisation and
when evidence of their application is documented; libraries lacking such evidence are excluded.

Accordingly, the study pursues five objectives: (i) to synthesise peer-reviewed literature, authoritative project documentation,
and adoption indicators to characterise usage patterns of open-source geospatial libraries across programming languages; (ii) to
propose the LOGLE framework as a structured, multi-layer taxonomy that classifies libraries by programming language,
functional role, and system layer; (iii) to identify cross-language disparities in library availability, functional coverage, and
documented research adoption; (iv) to derive recommendations for tool selection and workflow integration to support
reproducibility, interoperability, and methodological consistency; and (v) to establish a structured classification that can
underpin future empitical benchmarking of cross-language geospatial performance and reproducibility.

2. MATERIALS AND METHODS

This study employs a systematic review methodology to collect, analyse, and synthesise literature and documented usage metrics
related to open-source geospatial libraries across multiple programming languages. The methodology follows established
systematic review protocols (Grant & Booth, 2009; Kitchenham & Charters, 2007) and adheres to PRISMA 2020 reporting
standards (Page et al., 2021). It comprises four main phases: search strategy, inclusion and exclusion criteria, evidence extraction

and coding, and synthesis and framework construction. A flow diagram of the study selection process is presented in Figure 1.
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Figure 1. Flow diagram of the study selection process for the systematic review of open-source geospatial libraries across
programming languages

2.1 Search Strategy

Comprehensive searches were conducted across Scopus, Web of Science, IEEE Xplore, Google Scholar, GitHub, GitLab, and
official project websites up to March 2026. The representative query structure was: (“Python” OR “R” OR “JavaScript” OR
“C++” OR “Java” OR “Rust” OR “Julia” OR “Go”) AND (“geospatial library” OR “GIS library” OR “spatial analysis” OR
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“geospatial processing” OR “spatial data”). Searches were conducted iteratively, with data extraction and synthesis performed
in parallel under a predefined protocol. All cited works dated 2025—2026 were verified as publicly available at the time of writing.

2.2 Inclusion and Exclusion Criteria

Eligibility criteria were established to ensure alignment with the adoption, functionality, and comparative evaluation of open-
source geospatial libraries. Inclusion criteria comprised peer-reviewed articles reporting the use, evaluation, or integration of
geospatial libraries; technical reports and official documentation describing core framework architectures; empirical studies
reporting performance metrics, adoption patterns, or comparative evaluations; and publicly available code trepositories
providing verifiable implementation evidence. Studies focused exclusively on proprietary software were excluded, as were
publications lacking empirical evidence or technical substantiation. Programming languages were retained for comparative
analysis only when their geospatial ecosystems demonstrated sufficient maturity. Maturity was operationally defined as the
presence of at least three open-source libraries that (a) support core geospatial functions, (b) exhibit repository activity (commits
ot issue responses) within the 24 months preceding the search, and (c) are documented in at least one peer-reviewed or technical
publication. Languages failing to meet these criteria were excluded. The criteria were applied uniformly across all candidate

languages at the time of data collection.

Database and register searches yielded 1,245 records. After the removal of 213 duplicates, 1,032 records remained for title and
abstract screening. Of these, 450 records progressed to full-text assessment. Full-text screening resulted in the exclusion of 80
studies due to methodological irrelevance (n = 40), unsuitable study design (n = 20), and insufficient data availability (n = 20),
yielding a final set of 370 studies (Figure 1). To enhance methodological transparency, a random 20 % subset of the 1,032
records remaining after deduplication (n = 206) was independently re-screened by a second reviewer following a four-week
interval. Inter-rater agreement was high (Cohen’s » = 0.87). Remaining discrepancies were resolved through joint re-
examination of the original sources and consensus discussion. Full search strings for each database, the complete list of the 370
included sources, and the coding spreadsheet employed for functional classification and maturity rating are provided as

Supplementary Material.
2.3 Evidence Extraction and Coding

Data were systematically extracted from the included sources and organised in a structured database. The extracted information
covered the programming language or runtime ecosystem, the name and version of each library, its primary functional role
within geospatial workflows, and the application context in which it was used. Indicators of adoption, such as repository activity

and citation patterns, were examined where publicly available.
2.4 Synthesis and LOGLE Framework Construction

Evidence synthesis was conducted using narrative thematic analysis following Braun and Clarke (2006) and established
qualitative traditions in geographic research (Cope, 2010), adapted for systematic review contexts to enable structured cross-
language comparison. This involved iterative identification of themes across programming language ecosystems and functional
library categories, progressing from initial coding to the definition of classificatory themes aligned with geospatial workflow
stages. The Language-Oriented Geospatial Libraries Ecosystem (LOGLE) framework was developed by systematically mapping
programming language ecosystems against extracted library attributes, functional roles, and documented use cases. Classification
rules were defined based on alighment between library functionality and the four workflow stages of data acquisition, processing,
analysis, and visualisation. Libraries with multi-functional capabilities were assigned to all relevant stages based on documented
evidence of use. Maturity ratings reported in Table 1 are qualitative ordinal assessments. An explicit scoring rubric based on
four equally weighted criteria (years since first stable release, sustained repository activity in the preceding 24 months, scholarly

citation counts, and documented production or enterprise use) was applied consistently.
3. THE LOGLE FRAMEWORK

Table 1 & 2 presents the Language-Oriented Geospatial Libraries Ecosystem (LOGLE) framework, which classifies open-
source geospatial computing technologies across three explicitly defined layers: (i) programming languages and runtime
ecosystems, (i) geospatial software libraries and frameworks, and (iii) foundational geospatial data systems. This layered
structure enables consistent comparison of technologies operating at different levels of abstraction within the geospatial
computing stack. The framework incorporates ecosystem maturity, represented by year of introduction and a qualitative
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assessment of long-term production stability, together with primary GIS application domains (Desktop GIS, Web GIS, Mobile
GIS), to support informed tool selection across deployment environments.

Table 1. The Language-Oriented Geospatial Libraries Ecosystem (LOGLE) framework: classification of open-source

geospatial technologies by language/ecosystem, year of introduction, stable baseline, primary functional role, and maturity

(Very High—Emerging). Rows 11 and 12 represent cross-cutting categories (Cloud-Native Platforms and OGC Standards).

#  Technology Family = Language Introduce Stable Primary Maturity Scholatly /
/ d Baseline Functions * Technical
Ecosyste Foundations
m
1 C/C++ Core C/C++ 1972/1985 C23/C++20  Geometry Vety High = Warmerdam
Engines + computation, (2008a,
spatial engines, 2008by);
coordinate Neteler &
systems Mitasova
(2008)
2 | Spatial SQL & SQL/ 1974 SQL:2023 Spatial Very High  Obe & Hsu
Indexing . databases, (2021); 1ISO
Spatial . .
SQL 'query.mg, (2006); Giting
indexing (1994)

3 Python Data Science Python 1991 3.x Geospatial High Jordahl et al
data  science, (2020);
GeoAl/spatial McKinney
ML, (2010); Hoyer
raster/vector &  Hamman
processing (2017); Zhu et

al. (2017); Rey
et al. (2020)

4 R Spatial Statistics R 1993 4.x Spatial High Pebesma
statistics, (2018); Bivand
geostatistics, et al. (2013);
ecological Hijmans et al.
modelling (2020);

Roussel et al.
(2020);
Pebesma &
Bivand (2023)

5 | Julia Simulation Julia 2012 1x Numerical Emerging = Hoffimann et
geospatial al. (2018);
simulation, Perkel (2019);
earth-system JuliaEarth
modelling (2023)

6 Java/Scala Enterprise = Java/Scala = 1995/2004 Java 17/21 Enterprise High Jezek  (2000);
GIS, SDI, Huang et al.
distributed (2017); Aji et
spatial systems al. (2013);
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7 Go Services

8  Rust Systems

9 | JavaScript/TypeScrip
t Web

1 Kotlin/Swift Mobile

1 Cloud-Native
1 Platforms

1 OGC Standards

Go 2009
Rust 2010
JavaScript/ = 1995/2012

TypeScript
Kotlin/ 2011/2014
Swift
Cloud / N/At
Distributed
OGC 1994

1x

1.x

ES2023+

2x / 6.x

N/At

OGC API

Cloud-oriented | Medium

GIS  services
and APIs

High-

performance

Emerging

spatial
computing,
WASM GIS

Web mapping, = Very High
visualisation,

client-side GIS

Mobile  GIS, Medium
field data

collection, LBS

Scalable spatial =~ Very High
processing,
cloud

APIs

storage,

Interoperabilit = Very High

y standards

Hughes et al.
(2015)

Zhang et al
(2019)

GeoRust
Project (2026)

Goodchild
(2007); Haklay
(2010); Roth et
al. (2015);
Peterson
(2014); Cozzi
& Ring (2011)

Nivala et al.
(2008)

OGC (2023);
vendor
documentatio
n for
GeoSetrver,
GeoNode and
STAC

OGC (2023);
Kresse &
Danko (2012)

* Maturity ratings are qualitative ordinal assessments derived from four equally weighted criteria: years since first stable
g q qually weig Y

release, sustained repository activity in the preceding 24 months, scholarly citation counts, and documented production or

enterprise use (applied as of March 2026). T Not applicable — these categories span multiple platforms and standards rather

than a single versioned language or ecosystem.

Table 2. The Language-Oriented Geospatial Libraties Ecosystem (LOGLE) framework: representative libraties/platforms,

deployment context, and system layer within the software stack (Engine — Data — Processing — Service — Client). Rows

11 and 12 represent cross-cutting categories (Cloud-Native Platforms and OGC Standards).

# Technology Family

1 C/C++ Core Engines
2 | Spatial SQL & Indexing

3 | Python Data Science

Libraries / Platforms

GDAL, PROJ, GEOS, PDAL, GRASS GIS

PostGIS, SpatiaLite, H3

GeoPandas, Rasterio, PySAL, xarray, OSMnx,

Shapely

Natural Resources for Human Health (NRFHH)
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Deployment

Engine / Backend
Data / Backend

Application / Backend /
Web

System
Layer

Engine
Data

Processing
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4 | R Spatial Statistics sf, terra, gstat, stars, tmap, spdep Application / Web Processing

5 | Julia Simulation GeoStats.jl, ArchGDAL,jl, Rasters.jl Research / HPC Processing

6 | Java/Scala Enterprise GeoTools, JTS, GeoMesa, GeoTtellis, Apache = Backend / Distributed Service
Sedona

7 | Go Services tegola, orb, go-geom Backend / Cloud Service

8 | Rust Systems geo, proj-rs, gdal-rs Engine / Systems Engine

9 | JavaScript/TypeScript Leaflet, OpenLayers, Cesium]S, MapLibre GL = Client / Web Client

Web

10 | Kotlin/Swift Mobile MapLibre Native, Tangram ES Mobile / Field Client

11 | Cloud-Native Platforms GeoNode, STAC, Cloud Optimized Cloud / Distributed Service /
GeoTIFF, object storage Data

12 | OGC Standards WMS, WES, WCS, OGC API Cross-layer Cross-

cutting

C and C++ are treated as a unified systems programming ecosystem that provides core geospatial computation libraries such
as GDAL, GEOS, and PRO]J. Kotlin and Swift are grouped as mobile-oriented ecosystems primarily used in field GIS and
mobile mapping applications, often leveraging shared rendering and mapping libraries such as MapLibre Native. JavaScript and
TypeScript are treated as a single web ecosystem due to their shared runtime environment and overlapping geospatial
visualisation and mapping libraries. Apache Sedona appears in both Java and Scala rows because it is a JVM-based distributed
geospatial processing framework supporting both ecosystems. GeoServer is excluded to maintain focus on programmatic
libraries rather than standalone server-based GIS platforms. PHP and Ruby are excluded due to limited contemporary use in
open-source geospatial computing ecosystems. SQL and Spatial SQL constitute a foundational layer for geospatial data
management, enabling persistent storage and declarative querying of spatial data. In contrast, spatial indexing frameworks such
as H3 and S2 Geometry operate as a complementary computational layer that supports scalable spatial indexing, efficient data

partitioning, and query acceleration within geospatial systems.
4. DISCUSSION

The discussion is organised according to the LOGLE classification and the five-layer architecture summarised in Table 1 and
Table 2. The five layers are grouped into four broader themes for discussion purposes: foundational computational engines
(Engine layer), spatial data management systems (Data layer), high-level analytical and visualisation ecosystems (Processing and
Client layers), and infrastructure and emerging technologies (Service layer and cross-cutting categories). These groupings capture

the dependency relationships that exist among geospatial software components.

The LOGLE framework provides a structured taxonomy of open-source geospatial libraries organised by programming
language and primary functional role. Library maturity is assessed using the same four criteria set out in Section 2.4. These are
years since first stable release, sustained repository activity, scholarly citation counts, and documented production or enterprise
use. These criteria inform the ratings in Table 1 but are not presented as quantitative results in this study. The framework also
identifies patterns of functional specialisation, language-specific capabilities, and interoperability across the geospatial software
ecosystem.

4.1 Python — High-Level Analytical and Machine Learning Workflows

Python occupies a central position in contemporary geospatial research because of its extensive scientific computing ecosystem
and the ease with which it integrates with other tools. Libraries such as GeoPandas, Rasterio, and Shapely supply high-level
abstractions that rest directly on C and C++ engines. OSMnx supports detailed urban network analysis (Boeing, 2017a, 2017b,
2025). TorchGeo extends the ecosystem into deep-learning applications for remote sensing (Stewart et al., 2021). GeoAl and
spatial machine learning workflows are increasingly supported within this ecosystem (Wu, 2026), and domain-specific packages
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such as PySNM apply spatial interpolation to soil nutrient mapping in precision agriculture (Velamala & Pant, 2025). In practice,
Python is used primarily for analytical workflows, data orchestration, and system integration. Many computationally intensive
operations are delegated to underlying C/C++ libraties through language bindings.

4.2 C/C++ — Foundational Computational Engines

C and C++ libraries form the foundational computational layer of the geospatial software stack. GDAL/OGR, GEOS, and
PRO]J provide the core capabilities for raster and vector processing, coordinate reference system management, and
computational geometry (Warmerdam, 20082). PDAL and Otrfeo Toolbox extend this foundation to LIDAR and advanced
remote-sensing processing (Grizonnet et al., 2017). These libraries provide high-performance capabilities for format conversion,
geometric operations, and data transformation. Higher-level environments such as Python and R access them through binding
interfaces and wrapped APIs, providing widely used foundations for computational processing and interoperability across

geospatial ecosystems.
4.3 Spatial SQL — Backend Data Management

Spatial databases, principally PostGIS and Spatialite, supply the storage, indexing, and querying functions required for
persistent geospatial data management (Obe & Hsu, 2015; Ramachandran, 2019). Hierarchical indexing systems such as H3
support efficient spatial indexing and partitioning. This layer functions as the persistent data backbone for desktop, web, and
distributed geospatial applications. Analytical and visualisation components routinely read from and write to these systems,

making Spatial SQL a critical intermediary between foundational engines and higher-level workflows.
4.4 Java and Scala — Distributed Geospatial Computing

JVM-based frameworks such as Apache Sedona, GeoTrellis, and GeoMesa enable distributed processing of large-scale raster,
vector, and spatio-temporal datasets on Apache Spark (Aji et al., 2013; Haynes et al., 2020; Yu et al., 2019). Java provides mature
support for server-side geospatial systems through libraries such as GeoTools and the JTS Topology Suite. Scala contributes
functional programming constructs that simplify the construction of distributed data pipelines. These systems operate above

the data-management layer and interact with both foundational computational engines and storage systems.
4.5 R — Statistical Modelling and Geostatistics

R remains the primary environment for statistical modelling, ecological analysis, and geostatistics within the geospatial domain.
Packages including sf, terra, spdep, and gstat support reproducible analytical workflows that combine spatial data handling with
advanced statistical methods (Bivand et al., 2013; Griler et al., 2016; Pebesma, 2018). R is used predominantly for statistical
exploration, methodological development, and research that requires tight integration of spatial and statistical techniques. Large-
scale production systems and high-throughput pipelines are more commonly implemented in Python or JVM-based

environments.
4.6 JavaScript and TypeScript — Interactive Web Visualisation

JavaScript and TypeScript frameworks, including Leaflet, OpenLayers, MapLibre GL, Cesium]S, and deck.gl, provide the
dominant tools for web-based geospatial visualisation and interactive mapping (Agafonkin, 2019; Netek et al., 2023; Roth et al.,
2015). These libraries are widely deployed in browser-based applications. Client-side computational capacity remains
constrained by the browser execution environment. Recent implementations increasingly incorporate WebAssembly modules
and GPU-based web APIs to expand the range of operations that can be performed directly in the client.

4.7 Emerging Ecosystems — Rust and Julia

Rust supports both native geospatial projects and bindings to established engines. GeoPolars is a Rust-based project for
geospatial data processing, while gdal-rs and proj-rs provide Rust interfaces to the GDAL and PROYJ libraries (OSGeo, 2020).
These components support memory-safe (Jung et al., 2021) and high-performance geospatial computation within the Rust
ecosystem. Julia libraries, including ArchGDAL.jl, GeoStats.jl, and Rasters.jl, target numerical modelling and geospatial
simulation (Mallet et al., 2020; Sumner et al., 2023). Rust is optimised for systems-level safety and performance, whereas Julia
is optimised for numerical and scientific computation. Both ecosystems are currently at an earlier stage of adoption and

community maturity than the more established Python, R, and Java stacks.
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4.8 Infrastructure and Mobile-Focused Languages

Go is employed for geospatial backend services, particularly tile servers and spatial APIs, through libraries and frameworks such
as Tegola, go-geom, Orb (Golang GIS Community, 2021), and Tile38 (Go Spatial, 2022). Kotlin and Swift, primarily through
MapLibre Native (MapLibre Native Project, 2026), support mobile geospatial applications used for field data collection and
real-time spatial monitoring. These languages address deployment-oriented and system-level requirements that sit outside the

core analytical workflows of Python and R.
4.9 Cross-Language Insights and Interoperability

The LOGLE framework presents geospatial software as a layered and interoperable ecosystem. Foundational engines written
in C and C++ and spatial data management systems based on Spatial SQL support higher-level programming environments
that include Python, R, Java, and JavaScript. Empirical studies in geospatial computing have concentrated primarily on the
Python and R ecosystems (Zhang et al., 2019). Systematic comparative evaluations that include Rust, Julia, and C++ remain
relatively limited. Interoperability is achieved through language bindings, shared native libraries, JVM execution environments,
and WebAssembly. Performance and scalability characteristics are determined by the chosen execution environment and overall

system architecture.

LOGLE is a taxonomy-based classification model. It defines the structural organisation of geospatial ecosystems without
assigning quantitative performance metrics. The concentration of scholarly literature on Python and R (210 of 370 included
sources) reflects the current maturity and academic visibility of those ecosystems and the relative under-documentation of
systems-level and emerging languages. This imbalance does not invalidate the cross-language structure of LOGLE, but it limits
the depth of evidence available for Rust, Julia, Go, Kotlin and Swift. Future research can combine the LOGLE classification

with standardised benchmarking experiments to examine performance differences across languages and functional roles.
4.10 Illustrative Workflow: Applying the LOGLE Framework in Practice

A multi-language urban flood risk assessment illustrates how the LOGLE framework can be applied in practice. The workflow

demonstrates functional specialisation, layered organisation, and interoperability across geospatial software ecosystems (Table
1).
i. Data Ingestion and Backend Storage (Spatial SQL + C/C++)

Vector datasets (building footprints and road networks) and raster datasets (digital elevation models and rainfall surfaces) are
stored in a PostGIS database. GDAL/OGR udilities and associated language bindings manage data ingestion. GiST spatial
indexing and coordinate transformations performed by PROJ enable efficient spatial querying and data management. This stage
corresponds to the foundational computation and storage layers within LOGLE.

ii. Preprocessing and Analytical Processing (Python)

GeoPandas, Rasterio, and Shapely, which rest on GDAL and GEOS, are used to derive terrain attributes from digital elevation
models, delineate low-lying areas, and perform spatial joins between infrastructure and flood zones. OSMnx supportts the
integration of OpenStreetMap networks for accessibility analysis. Python handles data transformation and analytical processing
at this stage.

iii. Statistical Modelling and Geostatistics (R)

Spatial datasets ate tetrieved from PostGIS using sf and DBI/RPostgres intetfaces ot exported for local analysis. Packages such
as sf, terra, gstat, and spdep are applied for spatial autocorrelation analysis, kriging interpolation, and uncertainty estimation.
This stage represents statistical and geostatistical modelling within the workflow.

iv. Visualisation and Dissemination (JavaScript/TypeSctipt)

Interactive maps and dashboards are implemented with Leaflet or MapLibre GL JS. Vector tiles generated by Tegola, a server
written in Go (Tegola Project, 2026), support efficient map rendering and web delivery. This stage corresponds to web-based

visualisation and dissemination.
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v. Performance Optimisation (Emerging Ecosystems)

Julia libraries (Rasters.jl, ArchGDAL,l) are used for numerical prototyping of computationally intensive workflows. Rust
libraries (geo, gdal-rs, proj-rs, t-rex) can be incorporated for memory-safe computation in performance-sensitive tasks (t-rex
project, 2021). These emerging ecosystems can be incorporated where specialised computational or implementation

requirements arise.
vi. Integrated Interpretation

The workflow illustrates the layered organisation defined by LOGLE. Task allocation follows the characteristic strengths of
each ecosystem (C/C++ and Spatial SQL for foundational computation and storage; Python and R for analysis; JavaSctipt for
visualisation). Data exchange relies on standard formats and language bindings. No peer-reviewed benchmark currently exists
that measures wall-clock time, memory footprint, and reproducibility of the same multi-stage geospatial pipeline across C/C++,
Python, R, Julia and Rust under controlled conditions. The present example therefore serves as a conceptual demonstration;

quantitative cross-language evaluation remains an important direction for future work.
5. LIMITATIONS AND FUTURE STUDIES

The proposed LOGLE framework offers a structured classification of open-source geospatial libraries but has inherent
limitations. It emphasises widely used programming languages, which may under-represent niche tools and thereby reduce
generalisability. Functional categories are derived from documentation that may not fully capture hybrid or rapidly evolving
capabilities. Adoption metrics such as GitHub stars and citation counts are imperfect proxies: stars do not necessarily indicate
technical uptake, and recently released libraties suffer from citation lag. Maturity ratings reflect the state of the ecosystems at
the close of the search period (March 2026), and bibliometric biases can undervalue practitioner-focused ecosystems that have
limited academic visibility. Maturity ratings are qualitative and indicative rather than definitive; exact quantitative thresholds
were not applied. The proposed framework constitutes a temporal snapshot of a rapidly changing landscape; validation through
expert elicitation with GIS practitioners provides only scoped qualitative support. In addition, the literature search may under-
represent non-English or niche ecosystems because of its primary reliance on English-language and OSGeo-centric sources.
The high proportion of Python/R soutces (210 of 370) reflects the cutrent scholatly literature rather than a comprehensive
census of operational use. This imbalance is explicitly recognised as a limitation that reduces the depth of evidence available for
emerging ecosystems and may have influenced the relative emphasis within the LOGLE categories. The framework’s inclusion
criteria (minimum of three active libraries with recent repository activity and documented scholarly or technical use) were
applied uniformly; the thinner coverage of Rust, Julia, Go, Kotlin and Swift therefore indicates genuine gaps in the published

record rather than selective omission.

Future work should empirically validate LOGLE through cross-ecosystem benchmarks of performance, scalability, and memory
safety, prioritising metrics such as large-raster throughput, vector processing latency, and memory footprint. Multi-language
workflows warrant further study to identify integration bottlenecks and functional ovetlaps in polyglot pipelines. Periodic
reassessment will be required as languages and libraries mature. Emerging approaches, particularly cloud-native geospatial
computing and GPU-accelerated spatial analytics, should be systematically documented and evaluated. Finally, non-bibliometric
signals (package telemetry, dependency graphs) should be incorporated to strengthen longitudinal relevance and to better link

research outputs with operational use.
6. CONCLUSIONS

The LOGLE framework provides a structured, language-oriented classification of the open-source geospatial ecosystem
organised by functional roles and technical matutity. It examines twelve programming-language environments (C/C++, Python,
R, Julia, Java, Scala, JavaScript, TypeSctipt, Go, Rust, Kotlin, and Swift), together with SQL/Spatial SQL as a foundational
query and data-management layer. These environments encompass both established and emerging tools in geospatial
computing. C/C++ engines and SQL extensions constitute the computational and data-management foundation of the
ecosystem. Python and R function as the primary environments for geospatial analysis and scientific computing. JVM-based
languages support scalable and distributed spatial processing. Rust and Julia provide high-performance, memory-safe
capabilities for computationally intensive modelling tasks. Grounded in a systematic literature review, LOGLE offers a coherent
reference classification for the analysis of functional specialisation and interoperability within the open-source geospatial stack.
The illustrative workflow demonstrates the practical application of this classification. Open-source geospatial libraries offer
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cost-effective alternatives to proprietary GIS software and help reduce the financial barrier to sustained environmental and

resource monitoring, particularly in developing and underdeveloped countries, thereby contributing to the United Nations

Sustainable Development Goals.
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